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Exploration Driven by Curiosity and Novelty via World Models

SAaTOSHI WAKIY®  YOSHIMASA TSURUOKA2

Abstract: In Reinforcement Learning, where the agent collects the data necessary for learning by itself,
methods for exploring unknown states are important. An intrinsic reward based on curiosity and novelty
makes it possible for an agent to learn efficiently during search. In this paper, we propose to generate
curiosity-based intrinsic rewards using a state-of-the-art model-based reinforcement learning method called
DreamerV2. We also attempted to solve the noisy-TV problem, which is a problem in many curiosity-based
methods, by combining curiosity-based intrinsic rewards with novelty-based intrinsic rewards. As a result,
our method outperformed previous methods that combined model-free reinforcement learning with intrinsic
rewards or DreamerV2 with curiosity-based intrinsic rewards in Montezuma’s Revenge and Gravitar envi-
ronments, which are considered difficult to explore. We further experimentally confirmed that the noisy-TV
problem can be solved by combining the novelty-based intrinsic reward.
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iF, M1 DX IREBBHEDORA F 3 7 ADBHERNLRGE,
B EIToTH FHERZEN LT FAE L, [F U Bz A
ELHERITI2MED I THS. Z D noisy-TV problem
DIFRE L U THIRER— A D ERIFFLOfREEE L
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P27y 78 H, NROEMOR 5 —VHTF: o, FRATF v 7
BoLR: T.

1: =&ty + D oYL

2 Za—7Fy T =T DT X=X DOYIHHE.

3: while not converged do

4: forc=1to C do

5: // @R 1 REFADER

6: {(at,ze,r) YT ~ D RHF TV

[ (CA ) arelt i 8

8: // Dc:{(at,wt,rt,zt,ht)}filf riEL.

9: D, H5 0 =R
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18: D. 7% ¢ b o ZHH.

19: end for
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4.1 fEEEFHEHSEER
4.1.1 EERETE

RYFv—27 LT Atari IZEFN2 R AT DHFTHEDN
LW EDLITWS 7TODX R 28] DA, Montezuma’s
Revenge ¥ Gravitar D 2 DDEREE T TEBREIT-72. £h
ZROERETREK 3 D& 5745 — alHEAREL LTEX
5%, Montezuma’s Revenge (JEHDOTRE LR L 2 —
NEBET S — A TH 3. Gravitar IZFHREERIE LEK
DEREZHNSERERMIRE XN TV B HEEM 2 E S
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(a) Montezuma’s Revenge. (b) Gravitar.
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BT T L ONFERMNE 2 72€ 7V, Pixel CONN O
FERVHRIN % N 2 7= 7L, RND O RNFENHR % Nz /=€
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L7ETN, NI RX=RIZI 4 X% MZTHRT % Noisy
Networks (NoisyNets)[1] Zi#)t L 72 € 7 /L, Plan2Explore
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REFEND RND I X 2 B LD 5 728 DreamerV?2
IZ RND OWNFEIERIM D A% 5 2 72 E 7 NV DIERED Red 7.

Rainbow (Z¥ER %2 (2 KM 2 (TN 2 72 & 7L O MERELZ
Taiga & O FEERKER (28] Z5IH L7z. %7z DreamerV2 O
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R—F 2 7= DIZEREE D & DI & NFERYEIEN 2 hn 2 7= 6T
BWRETEEIEH L.
4.1.3 EERER

Montezuma’s Revenge D EEfEHR % X 4a 12, Gravitar D
FEERERZ M 4b IR L7, TTEIL R T v TR T 55T
filfilF D BAEIRI % 52 L T\ 5. DreamerV2, Plan2Explore,
REFIE (Ours), REFIEDL S AL O NFEIERIN Z Frv
72€ 7V (DreamerV24+RND) IZDWTIIEBD > — R T
D BRI D VI L FREREZ KR L7z, REFIRIZY
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(b) Gravitar TDEERER.
K 4: FERETOEBER. MEATEI L1227 v 78, Mo
EEL-EF AT L 7250 BESRCH 2. BEIT
¥orp =0 rer/9 BRAWEELL.

4.2 Noisy-TV problem |Z¥ 9 2 REIRER
4.2.1 BRRE

Noisy-TV problem 12X} 3 % F§ % Atari OH THHLIZ
XA TH 5 Atlantis T{To 7z, Atlantis 13 3 DD K%
BEL T R RIFHMEE L T75—LTH L. BEC
J A X% 5| & Z 5178 (Noisy action) ZBIM L, Z DIT
HEEILK5b O X5y — AEEREA 1 71— 472
F /AR XOBREEEHLERL. Tk 4 X
DT 10 FEICRE L. EBIIEA /OO NFEIIZREN
CHTHME D NFERRIN 2 A S DB 7R R FE L AFa D D
MNZERTHRIN D A TEHRER S % FE (Curiosity only) Z 22
NDHEOETEE / A A2 MR TR TIT - /2. TEBE % 7
T AN, BRI, SO ATHEE L ARE AV,
TRL, 2OT7—RIIERTGLT—RTH 5.
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(a) /4 XD VEHOER.  (b) /4 X235 3O
5: T—x v MHEREED 155 H{%.

4.2.2 KERER

X 6a & [X 6b ICEERAEREZ R L. K 6a ITSERE T, &
FEOBEEBMOBRLEZERL TS, A XEMAT-EE
T, IBEFRIFFT DO NFEIR O A THER L - FiEo
MREZ LAl o 7. FRFFLOATEE LZFIEIE 50 5
AT v TR HRERES R SN0 L, 2R FIE
& 200 F ATy ZREb HRED A E LTV, X 6b 3R
R, RITENCN LT, / 4 X &5 SR TITEZEALE
BERLTVS. Y55 HHAERICE G 2T E
Z, FEe B, —EEICIE L TWS. 199 AT v
THhe 200 HAT v TOMTHIEEZFIE T 2 L IRETFik
& 15% I L, iR DDA THEE LETHEZ 8% TH D,
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WIHREN % #H A& % Z & T noisy-TV problem 234EFIT
X5 e FEIEI NI,
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